Abstract Here we analyze gray matter indices before and after completing a challenging adaptive cognitive training program based on the n-back task. The considered gray matter indices were cortical thickness (CT) and cortical surface area (CSA). Twenty-eight young women (age range 17-22 years) completed 24 training sessions over the course of 3 months (12 weeks, 24 sessions), showing expected performance improvements. CT and CSA values for the training group were compared with those of a matched control group. Statistical analyses were computed using a ROI framework defined by brain areas distinguished by their genetic underpinning. The interaction between group and time was analyzed. Middle temporal, ventral frontal, inferior parietal cortices, and pars opercularis were the regions where the training group showed conservation of gray matter with respect to the control group. These regions support working memory, resistance to interference, and inhibition. Furthermore, an interaction with baseline intelligence differences showed that the expected decreasing trend at the biological level for individuals showing relatively low intelligence levels at baseline was attenuated by the completed training.
Introduction
There has been a recent constructive discussion regarding the robustness of reported findings related to structural changes in the brain after training (Thomas and Baker 2013a, b; Draganski and Kherif 2013; Erickson 2013; Fields 2013) . Limitations of experimental design, statistical methods, and methodological artifacts have been noted. The overwhelming majority of published studies have applied voxel-based approaches, which involves looking for changes in regional gray matter volumes in response to training (Bueti et al. 2012; Draganski et al. 2004 Draganski et al. , 2006 Kwok et al. 2011; Landi et al. 2011; Lustig et al. 2009; Takeuchi et al. 2010; Thomas et al. 2009; Woollett and Maguire 2011) . However, it is acknowledged that these volumes combine two relatively independent cortical measures, namely, cortical thickness (CT) and cortical surface area (CSA) Colom et al. 2013a; Panizzon et al. 2009; Román et al. 2014; Vuoksimaa et al. 2015) . Surface-Based Morphometry (SBM) provides measures of CSA and CT across the human neocortex. The number of radial columns perpendicular to the pial surface defines cortical surface area and it is thought to represent functional units. The horizontal layers in the cortical columns define cortical thickness and it is thought to organize cortical connectivity (Chance et al. Electronic supplementary material The online version of this article (doi:10.1007/s00429-015-1168-7) contains supplementary material, which is available to authorized users.
& Roberto Colom roberto.colom@uam.es la Fougère et al. 2011; Lyttelton et al. 2009; Rakic 1988; Thompson et al. 2007 ). To our knowledge, there are only three published studies that have applied SBM to studying gray matter changes in the neocortex after training. Haier et al. (2009) compared a group that played Tetris (a well-known commercial complex visuospatial game), focusing their analyses on cortical thickness. The training group played an online version of the game for 3 months (1.5 h per week on average). The findings revealed changes in temporal and frontal regions in the training group. Engvig et al. (2010) trained a group of individuals during 8 weeks on a memory task (MoL, visualization mnemonic technique) for improving serial verbal recollection memory, and similarly, they focused on changes in cortical thickness. Finally, Colom et al. (2012) compared a group that played with Professor Layton and The Pandora Box (by Nintendo)-a cognitively complex commercial videogame-with a control group. The training was completed across 4 weeks (4 h per week). This study failed to find statistically significant changes in cortical thickness or cortical surface area after completing the game.
In the present study, a group that completed a demanding adaptive working memory program based on an n-back task is compared with a matched control group (Colom et al. 2013b reported the behavioral results for these groups). The training program has been employed extensively in previous research. The recent meta-analysis by Au et al. (2014) concluded that cognitive training programs based on the n-back task has a positive impact on fluid intelligence (d = 0.24: 3.6 IQ points). Here we consider 12 regions of interest (ROIs) defined by brain areas distinguished by their genetic substrate (Chen et al. 2012 (Chen et al. , 2013 ; genetic influences over CT or CSA were maximally similar within ROIs and maximally different between ROIs. The regions defined for CT and CSA are shown in Fig. 1 . To our knowledge this is the first study focused on the analysis of the structural changes, isolating CT and CSA, after n-back training.
The cerebral cortex is a highly organized and complex structure that is divided into anatomically distinct and functionally specialized regions (Chen et al. 2013) . However, there is no definitive division because available neuroimaging software is based on different brain parcellations (e.g., FreeSurfer, BrainSuite, IBASPM, ANIMAL, etc.). Chen et al.'s (2012 Chen et al.'s ( , 2013 ) studies applied a datadriven approach for generating a genetically based parcellation for CSA and CT. As a result, they found an anterior-posterior division for CSA, along with a dorsalventral division for CT. The genetic patterning of both gray matter indices corresponds to functional specializations and their genetic contributions show very small correlations. Further, principles underlying genetically defined regions are different for CSA and CT: the regions/clusters for CSA show large genetic proximity within the same brain lobe, whereas regions for CT show remarkable genetic relatedness regarding maturational timing (primary vs. association cortex). Therefore, CT and CSA show differential neuro developmental mechanisms. Our study focuses on the analysis of which brain regions, under remarkable genetic control, are sensitive to the completed challenging cognitive training. Also, published reports have massively analyzed volumetric changes (as noted above) and it is known that volume combines CSA and CT, which, as described above, are genetically unrelated. Therefore, the separate analysis of these two gray matter indices would be highly informative.
The main prediction regarding potential gray matter responsiveness after training nominates anterior frontal, parietal, and middle temporal regions. We expect increases or preservation/conservation in these regions since (a) performance in the n-back task is related to intelligence and working memory (Colom et al. 2013b) , and parietal and anterior frontal regions are relevant for intelligence and for working memory (Burgess et al. 2011; Colom et al. 2013a ); (b) cortical thickness preservation in anterior frontal and temporal areas has been found in previous training research focusing on visuospatial skills (Haier et al. 2009 ); and (c) they are known to be involved in information integration and evaluation cognitive processes, which are relevant for working memory (Buschman et al. 2011 , Hampson et al. 2006 Rottschy et al. 2012; Zou et al. 2013) . Furthermore, we expect cortical thinning for the control group, since CT shows a spontaneous decrease with age (Wierenga et al. 2014; Zhou et al. 2013 ). For CSA, changes during brain development have been less studied and results are less clear (see Burgaleta et al. 2014; Wierenga et al. 2014; Zhou et al. 2015) . Thus, we are unable to provide a specific hypothesis for this latter index. Note, however, that there are studies suggesting that developmental changes in CT and CSA are modulated by baseline differences in intelligence Schnack et al. 2015; Shaw et al. 2006) , and, therefore, the interaction between brain changes and intelligence differences will be analyzed.
Method Participants
One hundred and sixty-nine university undergraduates completed a cognitive battery comprising 12 tasks, which assess fluid-abstract intelligence (Gf), crystallized-verbal intelligence (Gc), working memory capacity (WMC), and attention control (ATT) (see Supplementary 1 for further details).
1 Afterwards, 56 young women (mean age 18.29 years, SD = 1.09; age range 17-22) were selected to represent a wide range of general intelligence scores, and divided into two groups (training and control), matched by these scores. All participants were right-handed, as evaluated by the Edinburgh Test (Oldfield 1971) . They were paid for their participation: 200€ for the training group and 100 € for the control group. Participants also completed a set of questions regarding medical or psychiatric disorders, as well as substance intake. The recruitment process followed the Helsinki guidelines (World Medical Association 2008) and the local ethics committee approved the study.
Basic design
Prior to recruitment, the participants completed the first psychological assessment. One hundred and sixty-nine students completed assessment sessions tapping fluid- abstract intelligence (Gf), crystallized-verbal intelligence (Gc), working memory capacity (WMC), and attention control (ATT). (Specific details about the tests/tasks administered can be found in the first supplementary document). Next, we recruited 56 of those participants and they were MRI-scanned. Afterwards, the training group completed the training program based on the n-back task over the course of 3 months (see Cognitive training section below for further details). Finally, participants were scanned again and they also completed the second psychological assessment. The interval between MRI scans was, on average, 116 days (SD = 9 days; range 88-133).
Cognitive training (n-back)
The training group (N = 28) completed the cognitive program based on the dual n-back task (Jaeggi et al. 2008 ). However, we began with eight sessions using the single n-back task, both in visual and auditory versions. 
MRI acquisition
Images were acquired in a General Electric Signa 3T MR Scanner (General Electric Healthcare, Farfield, CT) using a whole-body radiofrequency (RF) coil for signal excitation and quadrature 8-channel coil for reception. For the structural images analyzed here, a high-resolution 3D T1-weighted Gradient Echo-SPGR was applied, with parameters: TE = 4.1 ms, TR = 9.1 ms, TI = 450 ms, flip angle = 10°, 170 sagittal slices, acquisition matrix = 256 mm 9 256 mm, isotropic voxel size = 1 mm 3 .
Image preprocessing
First, scan pairs for the same participants were carefully inspected. A warping distortion between the pre-test and post-test scans was observed, namely, a stretch expansion in the temporal lobe area and the opposite in the parietal area. This distortion was due to (a) the use of high field strength in the scanner and (b) the offset of iso-center in the longitudinal scans. Note that we corrected all the images to have equivalent 3D distortion correction in order to reduce the differences in residual distortion due to differences in participant positioning. These corrections were required as we expect subtle changes and any distortion might engulf the signal of interest. Therefore, recommended corrections were applied using a tool called ''Grinder.'' This tool corrects for geometric distortions due to uneven field strength within the scanner. The applied image pre-processing steps for this correction involved Grinder ? N3 ? bias correction from SPM5 unified segmentation, which is similar to the protocol applied in Alzheimer's Disease Neuroimaging Initiative and has been validated using phantoms (Jack et al. 2008) . These steps were successful with the exception of two participants from each group (N final = 52).
Surface-Based Morphometry
The corrected MRIs were processed through the CIVET pipeline (version 2.0) (Ad-Dab'bagh et al. Kim et al. 2005) . CIVET implements a surface-based technique for estimating cortical thickness (CT) and cortical surface area (CSA). Specific stages for the analyses are as follows: (1) linear registration (12-parameter) to MNI-Talairach (ICBM152) space; (2) images corrected for radio-frequency non-uniformities and a brain mask computed; (3) tissue classification into white matter (WM), gray matter (GM), and cerebrospinal fluid (CSF); (4) generation of high-resolution hemispheric surfaces with 163,842 vertices each; (5) registration of surfaces to a high-resolution template; (6) cortical thickness is computed by evaluating the distance, in mm, between the original WM and GM surfaces transformed back to the native space of the original MR images, then interpolated onto the surface template; (7) vertex-based areas computed directly on the resampled surfaces and measure local variations of area/volume contraction and expansion relative to the vertex distribution on the surface template; (8) smoothing using a 30-mm kernel for CT and 40-mm for CSA.
Statistical analysis
Statistical analyses were computed using SurfStat (http:// www.math.mcgill.ca/keith/surfstat/), which was created for MATLAB 7 (The Math-Works, Inc.). Descriptive maps (means and standard deviations) for CT and CSA were computed at the vertex level. As noted above, we relied on the genetic templates provided by Chen et al. (2012 Chen et al. ( , 2013 for checking potential changes in 12 brain regions for CSA (Chen et al. 2012 ) and 12 regions for CT (Chen et al. 2013 ).
The original genetic templates (Chen et al. 2012 (Chen et al. , 2013 were built with the ''pial templates'' of FreeSurfer 4.5. Each vertex on the FreeSurfer template was associated with one ROI using numerical labels (from 1 to 12). FreeSurfer templates and MNI ICBM 152 template have different coordinates, and, therefore, the first step was devoted to the translation of their respective spaces. As a result, each vertex in the MNI space was associated to one ROI following the same distribution as in the original templates. The following steps were focused on the computation of mean CT and sum of CSA within ROIs. For achieving this goal, a mask was generated for each ROI including only the vertices associated with same numerical label (same ROI). Afterwards, the mean of the CT values (or the sum of the CSA values) within vertices of each ROI were computed for each participant. These steps were done separately for each cerebral hemisphere. Therefore, our final division was based on 24 ROIs (12 per hemisphere).
With the obtained values, we computed standardized changes using the following formula: (after training -before training)/SD (before training) (Jaeggi et al. 2011) . These standardized changes were submitted to analyses of covariance (ANCOVA) 2 where group was the independent variable, standardized change for each ROI was the dependent variable, and the covariate was the mean for CT or sum of CSA before training for the corresponding ROI. A p level (one-tailed) was considered. Significance level (a = 0.05) was modified according to the number of comparisons and the correlations between ROIs to correct for multiple comparisons using the partial Bonferroni correction, since multiple measurements were computed (24 ROIs per index and per subject).
Finally, we checked for effects of intelligence differences measured at baseline in the regions where a statistically significant group effect was found in ANCOVA analyses. The sample was divided according to fluid intelligence scores (Gf) obtained in the first psychological assessment (baseline). The mean for the Gf factor (resulting from RAPM, DAT-AR, and PMA-R scores before training) was 102. Therefore, participants with scores B102 were assigned to the low intelligence group (mean score = 91.17, SD = 9.944), whereas participants with scores C102 were assigned to the high intelligence group (mean score = 110.79, SD = 5.912). The sample sizes were as follows: (1) high intelligence-training group (N = 14); (2) high intelligence-control group (N = 15); (3) low intelligence-training group (N = 12); (4) low intelligence-control group (N = 11). Repeated ANOVAs measuring 2 9 2 9 2 (Time 9 Group 9 Intelligence group) were computed to study the effect of intelligence. Group (Training and Control) and Intelligence group (Low and High) were between-factor, while pre-test and post-test gray matter indices were within-factor. Results for the triple interaction are reported here. Post-hoc analyses showed significant pre-test vs. post-test changes for all groups: (1) high intelligence-training group, (2) high intelligence-control group, (3) low intelligence-training group and (4) low intelligence-control group.
Results

Behavioral results
This is a summary of results reported by Colom et al. (2013b) . First, the training group showed a systematic improvement in n-back performance over time. For the visual condition the improvement was 41 %, for the auditory condition it was 39 %, and for the dual condition it was 53 %. Second, this performance systematically correlated across sessions with Gf, Gc, and WMC, but not with ATT. Finally, changes at the construct level between the pre-test and the post-test sessions were not significant. Nevertheless, post hoc analyses suggested that specific tests and tasks tapping visuospatial processing across cognitive domains were sensitive to training. Further details can be found in the Colom et al. (2013b) report.
Descriptive gray matter maps
Supplementary 3 (Figs. 1, 2, 3 , and 4) show the distribution (means and standard deviations) in both groups for cortical thickness (CT) and cortical surface area (CSA) at each vertex before and after training. The maps were largely similar for both groups at the two time points for CT; the region showing the highest mean thickness ([5 mm) was the insula. Maps for CSA were also highly alike; mean surface area was highest for parietal, frontal and temporal regions.
Regions of interest (ROIs)
As noted above, we selected regions defined by two templates based on the genetic underlying organization (Chen et al. 2012 (Chen et al. , 2013 . Mean CT and sum of CSA values were computed at each region for the training and the control groups before and after training. Afterwards, we computed the standardized change (Jaeggi et al. 2011 ) for each ROI.
ROIs for cortical thickness
Figure 2 (top panel) shows the standardized change for cortical thickness in the training (left) and control (right) groups. The control group was characterized by a generalized thinning, whereas the training group hardly showed any change (minor thinning in the left middle temporal, frontal and occipital areas, along with minor thickening in the right temporal region were rare exceptions). The descriptive statistics are shown in Supplementary Table 1. The bottom panel of Fig. 2 shows the ANCOVA results (F value); the specific F value and the associated effect (g p 2 ) are shown in Supplementary Table 1. Values greater than 4 were statistically significant. Regions within the right hemisphere showing significant results included the ventral frontal cortex, medial and middle temporal cortex, and dorsolateral prefrontal cortex. However, only the ventral frontal and middle temporal cortex survived the Bonferroni correction (p \ 0.02, for r = 0.75, number of comparisons = 24). All significant regions had a moderate effect size (0.06 \ g p 2 \ 0.13; Cohen, 1992) . Standardized changes in significant regions indicated thinning in the control group (-0.05 to -0.25) and thickening in the training group (0.08-0.19). Table 2 shows the descriptive results for each group and each ROI). Changes were generally absent for both groups. However, a small contracting effect was found for the control group in the right superior and posterolateral temporal cortex, along with a small expanding effect in the right dorsomedial frontal and anteromedial temporal cortex. For the training group, only a small expanding effect was found in the posterolateral temporal cortex.
ROIs for cortical surface area
ANCOVA results (see bottom panel of Fig. 3 and Supplementary Table 2) showed significant values in the right posterolateral temporal cortex and right pars opercularis cortex. Both regions passed Bonferroni correction (p \ 0.04, for r = 0.98, number of comparisons = 24) and effect sizes were moderate (0.06 \ g p 2 \ 0.13; Cohen 1992). The control group showed a contracting effect of -0.15 (right posterolateral temporal), whereas the training group showed an expanding effect of 0.10 in the same region. For the right pars opercularis, the changes revealed a contracting effect in the control group (-0.09) and a small expanding effect (0.01) in the training group. The control and training groups were divided according to their baseline levels in fluid intelligence (Gf), as described above, and the main findings (Fig. 4) were as follows:
Right middle temporal cortex (ROI 10-CT) Figure 4a depicts the changes for cortical thickness in ROI 10. The top panel shows the mean for each group. The high intelligence training group is represented in dark blue and the low intelligence training group is represented in light blue. The high-intelligence control group is represented in red and the low intelligence-control group is represented in orange. The bottom panel shows the changes for each participant (same color code).
Only the low intelligence-control group showed remarkable changes indicating a thinning process (p \ 0.05). Cortical thickness was preserved/conserved in the high intelligence groups, as well as in the low intelligence-training group. Figure 4b shows changes for cortical thickness in ROI 7.
Right ventral frontal cortex (ROI 7-CT)
Results showed thinning in the two control groups and preservation/conservation in the two training groups. Nevertheless, the thinning process was only marginally significant (p \ 0.10) for low intelligence participants in the control group. Figure 4c depicts results for CSA in ROI 5. Cortical surface preservation/conservation was found in the two training groups and in the high intelligence-control group, while a significant contracting effect (p \ 0.05) was found for the low intelligence-control group.
Right pars opercularis and subcentral region (ROI 5-CSA)
Right posterolateral temporal cortex (ROI 7-CSA) Figure 4d displays results for CSA in ROI 7. An expanding effect was found for the training groups, whereas a contracting effect was found for the control groups. However, this latter effect was significant in the high intelligence-control group only.
Discussion
In the current study we have analyzed gray matter changes after completing a challenging adaptive cognitive training requiring working memory related skills. The measures were obtained from cortical thickness (CT) and cortical surface area (CSA) indices computed after applying Surface-Based Morphometry (SBM). The analyses were calculated for a set of brain regions distinguished by their genetic underpinning (Chen et al. 2012 (Chen et al. , 2013 . The interaction between group (training vs. control) and time (before vs. after training) was analyzed, as recommended (Thomas and Baker 2013a, b) . We hypothesized that anterior frontal, parietal and middle temporal regions would show changes after cognitive training (Burgess et al. 2011; Buschman et al. 2011; Colom et al. 2007 , Hampson et al. 2006 Rottschy et al. 2012; Zou et al. 2013) . The main findings are discussed below in successive sections: cortical thickness; cortical surface area; and interactions between baseline intelligence differences, group, and biological indices.
Changes in cortical thickness (CT)
Regarding CT, thinning in the control group was observed (Fig. 2) . These results are consistent with the findings reported in brain maturation studies (Shaw et al. 2006; Zhou et al. 2015) . For instance, Zhou et al. (2015) scanned children (6-10 years old), adolescents (10-20 years old) and adults (20-32 years old) at different time points. They found that participants scanned during adolescence showed a generalized decrease (92 %) or no changes (8 %) in their CT for the whole brain. This result was obtained for all age groups, although the thinning process was more pronounced during adolescence. This thinning process is usually attributed to synaptic pruning (Huttenlocher and Dabholkar 1997) , ongoing myelination, and dendritic arborization (Paus 2010; Chklovskii et al. 2004; Sur and Rubenstein 2005; Thompson et al. 2007 ).
In general, the training group did not show any CT changes, although small variations were observed at some ROIs: (a) minor thickening in the right middle and medial temporal and left pars opercularis; (b) minor thinning in left middle temporal, dorsolateral prefrontal frontal and ventromedial cortex, and right occipital cortex. This preservation/thickening for the training group might be a response to training, which is consistent with previous research (Engvig et al. 2010; Haier et al. 2009 ).
The comparison between the training and control groups was significant in ventral frontal, dorsolateral prefrontal, middle, and medial temporal ROIs (Fig. 2) , although only differences in ventral frontal and middle temporal survived the Bonferroni correction. Parietal regions did not show any appreciable difference between groups. Differences between groups were moderate regarding the observed effect size (Cohen 1992) . Also, regions where the training group showed a preservation/thickening with respect to the control group have been associated with working memory processes; the meta-analysis by Duncan and Owen (2000) revealed that regions in the frontal lobe relevant for working memory are the dorsolateral prefrontal cortex, inferior ventral frontal cortex, and dorsal anterior cingulate cortex. Specifically, the right ventral frontal cortex has been related to the inhibition of responses required to cancel an intended movement (Aron et al. 2004) , while it has been suggested that the right dorsolateral prefrontal cortex connects working memory with complex reasoning (Prabhakaran et al. 2011) . There are studies suggesting that the right temporal cortex acts as an interface between the dorsal and ventral streams for visual processing, allowing the exploration of both object-related and space-related information (Karnath 2001) . Moreover, as is the case with the right inferior ventral cortex, the middle temporal lobe is relevant for interference resolution (Kirwan and Stark 2007; , which was particularly taxed during n-back training.
Changes in cortical surface area (CSA)
With respect to cortical surface area, changes in both groups were subtler than for cortical thickness (Fig. 3) . These findings are consistent with studies showing less significant and less steep changes across development for CSA (Østby et al. 2009; Raznahan et al. 2011 ) than those for CT. Indeed, the control group showed mixed results with small expanding trends in right dorsomedial frontal and anteromedial temporal cortex, along with small contracting trends in right temporal (superior and middle), right pars opercularis, left precuneus, and superior temporal cortex. Some studies suggest that changes in cortical surface area have a cubic relationship with age (Wierenga et al. 2014) ; there seems to be a contracting effect for CSA in 18-20 year olds. However, Zhou et al. (2015) reported generalized expanding (71 %) between the period ranging from 10 to 20 years of age, although they did not divide the brain into different regions for studying CSA development.
Note that changes in cortical surface area might not show the same trajectory across regions. In this respect, Burgaleta et al. (2014) found a contraction of CSA associated with age in right occipital and temporal regions, in contrast to an expansion of CSA in bilateral dorsomedial prefrontal cortex, left ventromedial frontal, and left motor cortex. Our results for the control group are consistent to some degree with Burgaleta et al. (2014) , since we found a contraction of CSA in the right temporal area, and an expansion of CSA in right dorsomedial frontal cortex. Changes in the training group for CSA were absent, except for a small surface expansion in right middle temporal cortex.
The development in CSA may be related to changes in gyrification (Wierenga et al. 2014) . Nevertheless, studies about these developmental changes in gyrification are disparate, since there are studies showing increased folding with the age (Blanton et al. 2001) , while others consider that sulcal architecture takes place mostly at birth, because neurogenesis and neural migration are almost complete after gestation (Hill et al. 2010 ). There might be indirect processes accounting for changes in cortical surface area , such as the mechanistic pressures exerted by the size and complexity of the dendritic arbors (Hill et al. 2010) , the size of intracortical elements, or the volume of white matter adjacent to a given gyrus or sulcus (Feczko et al. 2009 ).
Differences in CSA changes between groups were found in right pars opercularis and right posterolateral temporal Brain Struct Funct (2016) 221:4369-4382 4377 cortex with a moderate effect size. The posterolateral temporal region can be considered as belonging to the middle temporal and to the inferior parietal regions (Fig. 4d ). As noted above, the middle temporal lobe supports working memory processes (e.g. Hampson, et al. 2006; Zou et al. 2013) , and interference resolution (Kirwan and Stark 2007; . Moreover, inferior parietal cortex is considered one of the most important regions supporting intelligence and highlevel processing Vendetti and Bunge 2014) . Finally, the pars opercularis is associated with inhibition process in go-no go tasks (Forstmann et al. 2008) .
Changes in cortical thickness and cortical surface area: summary of findings
Note that the reported developmental changes must be considered as tentative, since the time gap between scans is rather short (4 months). Regions where the training group showed preservation with respect to the control group included right ventral frontal cortex (CT), right pars opercularis (CSA), right middle temporal cortex (CT and CSA), and one small region in the right inferior parietal region (Fig. 5) . Interestingly, most of the statistically significant regions were located in lateral regions. Parcellations for CT and CSA were similar in the lateral view, but differed in the medial view. Lateral parcellations are more related to structural and functional regions (Chen et al. 2013) . Also, note that statistically significant regions were primarily located in temporal and frontal regions, which are regions that, despite their lack of spatial contiguity, have similar genetic influences (Rimol et al. 2010) . In fact, the crossregional genetic patterning for cortical thickness may report to main fiber tract structures (e.g., thalamocortical or intracortical connections) (Chen et al. 2013 ; see also Zilles and Amunts 2012) .
The highlighted regions (see Fig. 5 ) are known to support working memory, interference resolution, inhibition, and reasoning. These abilities and skills are thought to contribute to n-back performance (Jaeggi et al. 2010) . Changes in the right middle temporal lobe were observed for both CT and CSA (Fig. 5) . This suggests that the training regime might have evoked changes in the temporal lobe (Hsu et al. 2013; Zhang et al. 2014) . Note that the appreciated behavioral changes are congruent with this suggestion. Thus, for instance, the training group showed significant improvements in the Simon task after training. Specifically, the training group produced similar reaction times in compatible and incompatible trials (Colom et al. 2013b ).
Of note is that all the significant standardized changes reported here were located in the right hemisphere. It is known that young people are more lateralized than older people (HAROLD model; Cabeza 2002) . In this regard, the right hemisphere might be more involved in spatial than in verbal working memory tasks (Reuter-Lorenz et al. 2000) . The behavioral results for this sample, extensively discussed elsewhere (Colom et al. 2013b) , revealed transfer effects in measures with a substantial spatial component across cognitive domains. This latter finding is consistent with the neuroimaging results reported here.
Interaction with intelligence baseline levels
As noted in the introduction section, there are reports showing that age changes in cortical indices (CT and CSA) interact with baseline intelligence differences (Shaw et al. 2006; Schnack et al. 2015) . In this regard, Schnack et al. (2015) reported greater CT changes (the direction of these changes were dependent upon age group; see below) in people with higher intelligence scores. Contrary to this finding, Burgaleta et al. (2014) reported CT preservation over time in youngsters showing increased intelligence scores, and CT reduction over time in those showing decreased intelligence scores. Schnack et al. (2015) showed that changes in CT for people with high intelligence have different stages: (a) pronounced cortical thinning for the left hemisphere in childhood (until 10 years old); (b) a weakened association between intelligence and thinning until adulthood (10-21 years old); (c) a thickening process (after 21 years old). However, changes in the right hemisphere are not associated with intelligence until approximately 47 years of age. These results are consistent with findings reported by Shaw et al. (2006) in childhood, but contrary to the results found by Karama et al. (2014) , who showed a positive association between CT and intelligence in childhood (11 years of age) and in adulthood (70 years of age). This latter result is in tension with the thinning process attributed to people with higher intelligence scores in the Shaw et al. (2006) and Schnack et al. (2015) reports.
The findings observed in the present study are highly consistent with Burgaleta et al. (2014) and Karama et al. (2014) , since the thinning found in the control group was circumscribed to participants with low intelligence at baseline (Fig. 4a, b) . The training group revealed remarkable gray matter preservation, irrespective of the participants' baseline intelligence level. We suggest that the completed training helps to compensate for low baseline intelligence levels (Draganski et al. 2004; Haier et al. 2009; Lerch et al. 2011; Fu and Zuo 2011) . Practicing a challenging cognitive task might interact with spontaneous dendritic and spine elimination processes (Hensch 2004; Knudsen, 2004) . Relatedly, it has been shown that dendritic and spine rearrangement and elimination occurring during childhood and adolescence may be related to social and educational interactions (Petanjek et al. 2008) .
Lastly, the interaction between intelligence and cortical surface area is much less clear. Schnack et al. (2015) found that individuals with higher intelligence scores showed less pronounced surface expansion in both hemispheres during childhood and adolescence. A more pronounced surface contraction was found in adulthood. The results observed here for the control group are consistent with Schnack et al. (2015) to some extent. Participants with low intelligence scores at baseline showed CSA contracting effects (Fig. 4c,  d ), while people with high intelligence scores showed CSA preservation in pars opercularis and a high contracting process in the temporal lobe. These results serve as further examples of the complex nature of CSA development (Wierenga et al. 2014) . Note that CSA results for the training group followed the same pattern as that observed for CT: preservation was appreciated regardless of baseline intelligence. Burgaleta et al. (2014) found that changes in CSA were not related to changes in intelligence. Note, however, that these researchers studied spontaneous changes, while here we have analyzed changes as a function of short-term cognitive training.
It warrants speculation that high intelligence individuals may tend to seek out challenging experiences/situations. For example, Jaeggi et al. (2014) found that people with a high need for cognition are most likely to sign up (and complete) the training intervention. These kinds of behaviors may help to prevent spontaneous declines in crucial brain indices, which, in turn, might delay associated cognitive declines that can interfere with everyday capability and independence (Kirkwood et al. 2008; see Deary et al. 2010 for a review addressing the relationship between intelligence differences and health outcomes). Nevertheless, further studies are required in this regard.
Conclusion
In conclusion, here we have reported changes in brain indices, quantified by cortical thickness (CT) and cortical surface area (CSA), after a challenging adaptive cognitive training based on the n-back task. The reported changes were primarily focused in temporal and frontal regions known to support cognitive processes required for successful performance in the completed training regime. The observed results seem consistent with the transfer effects at the task level reported by Colom et al. (2013b) , namely, a positive effect of the completed training over performance in visuospatial tests and tasks across cognitive domains. Furthermore, the effect of the completed training was more beneficial for low intelligence individuals; the reported gray matter preservation was equivalent for high intelligence individuals in both the training and control groups. We suggest that people with high intelligence seek out challenging experiences/situations, which prevents this decline in the analyzed brain indices.
